Introduction
The concept of Supply Chain Management (SCM) is gaining increased importance in today's economy, due to its impact on firms' competitive advantage. SCM describes the discipline of optimizing the delivery of goods, services and related information from supplier to customer, and is concerned with the effectiveness of dealing with final customer demand by the parties engaged in the provision of the product as a whole (Cooper et al., 1997) . 
Literature analysis: supply chain simulation
Simulation represents one of the tools most frequently used to observe the behaviour of supply chains, in order to highlight their efficiency level and evaluate new management solutions in a relatively short time (Iannone et al., 2007) . A main advantage of simulation models can be found in their capability to provide estimates of efficiency and effectiveness of systems and to assess the impact of changed input parameters on the resulting performance, without examining real case examples (Harrison et al., 2007) .
In the context of supply chain analysis, Persson & Olhager, (2002) , develop a simulation model to examine a case study company. They evaluate alternative supply chain scenarios, with the aim to improve the resulting quality and costs; moreover, the authors strive to understand how quality and costs affect each other. Sen et al., (2004) , exploit simulation to examine viable supply chain positioning strategy, such as make-to-stock, make-to-order, and assemble-to-order, and explore possible integrations between those strategies, referring to a company in the electronic industry. Similarly, a simulation model is developed by Higuchi & Troutt, (2004) , to investigate the bullwhip effect and boom-and-bust phenomena, in the particular context of short life cycle products. Chan & Chan, (2005) , use simulation for building and testing five different supply chain models. Their main aim is to determine which supply chain models could achieve the optimal performance, in term of inventory level, order lead time, resources utilization, and transportation costs. Persson & Araldi, (2007) , developed a supply chain design tool integrating the Supply Chain Operation Reference (SCOR) methodology with discrete event simulation.
The model is particularly suitable to be used when attempting to study the supply chain from a dynamic perspective, by analyzing the effect of changes in supply chain structure on the However, the existing literature is often limited to the analysis of few supply chain configurations, usually referring to a two-echelon system, or specific SCM topics (e.g.
information sharing, reorder policy or manufacturing strategy). Consequently, the issue of optimizing the supply chain configuration is not fully embraced in those works. A limited number of works either deal with more complex supply chains or examine multiple configurations. Among these, Hwarng et al., (2005) , modelled a complex supply chain and investigate the effects of several parameters, including demand and lead time distribution, and postponement strategies, on the resulting performance. Similarly, Shang et al., (2004) , applied simulation, Taguchi method and response surface methodology to identify the 'best' operating conditions for a supply chain. They examined the following supply chain parameters:
information sharing, postponement, capacity, reorder policy, lead time and supplier's reliability.
In this work, we exploit simulation with the aim to analyze a complex supply chain, encompassing up to 5 echelons, and apply experimental design to examine different operational conditions of the supply chain, resulting from the combination of several input parameters. As the supply chain network continues to grow in complexity, both in terms of number of levels and number of linkages, examining complex scenarios is required to derive insights for supply chain optimization. Simulations are also completed by a detailed economical analysis of the scenarios examined. 
General overview
The simulation model has been developed under Simul8 TM Professional, release 12 (Visual Thinking International Inc.). The nomenclature proposed in TABLE 1 is used to describe the model and the corresponding input parameters.
INSERT TABLE 1 In this study, we adopt the representation by Shapiro (2001) , suggesting that the supply chain can be described in terms of two main processes, namely products flow and orders flow.
Accordingly, the generic i-th echelon (i=1,..N) receives orders from echelon i-1 and products (i.e. pallets) from echelon i+1, through transport activities. For each echelon, a procurement lead time L i is introduced, encompassing the time required for transports, ordering and warehousing activities. We assume deterministic lead time (Dejonckheere et al., 2003) , and thus order crossover phenomena (Reizebos, 2006) are not considered in this study. For simplicity,
we model the flow of a single product.
According to several studies in literature (Chatfield et al., 2004; Zhang, 2004) , the number of players per echelon is set at one. Echelon 1 (i.e., the retail store) directly faces the final customer's demand, whose value at day t is d t . Customer's demand is a stochastic variable, with normal distribution N(µ;σ). Other supply chain players (except the manufacturer) forecast demand through a moving average model based on the last m observations (Chen et al., 2000; Zhang, 2004; Sun & Ren, 2005) .
Each player stores product in a warehouse, whose inventory level is initially set at a defined value. This latter is assumed to be the same for all echelons considered, except echelon N, for which an infinite stock availability is hypothesised. 
The supply chain configurations considered
In this section, we describe the supply chain configurations examined in this study, in terms of the following parameters: (i) number of players; (ii) reorder policy; (iii) demand information sharing mechanisms; and (iv) demand behaviour.
Number of echelons
The supply chain modelled may range from 3 (i.e. manufacturer -distributor -retail store) up to 5 echelons (i.e. manufacturer -distributor1 -distributor2 -distributor3 -retail store).
Reorder policy
Each player can place orders according to an Economic Order Quantity (EOQ) or Economic
Order Interval (EOI) policy. The same reorder policy is assumed for all supply chain players.
Under EOI policy, the reorder process of echelon i can be described as follows:
i. at time t (t=1,...N days ), the i-th echelon estimates demand mean (µ t,i ) and standard deviation (σ t,i ) according to the moving average model, i.e.:
where d t,i indicates the demand faced by echelon i at time t, corresponding either to the final customer's demand or to orders placed by echelon i-1, i.e.:
ii.
the above values are used to compute the order-up-to level at time t (OUL t,i ), according to eq.3 (Bottani et al., 2007; Dejonckheere et al., 2003) : Under EOQ policy, the reorder process of echelon i is as follows:
i. eq.1 is exploited to estimate µ t,i and σ t,i at time t;
ii. the above parameters are used to compute the value of OP t,i , based on eq.4 (Bottani et al., 2007; Dejonckheere et al., 2003) :
iii.
in the case I t-1,i <OP t,i , the supply chain player places an order. The quantity to be ordered Q t,i is computed starting from µ t,i , as detailed below:
at time t, the inventory level I t,i of echelon i is updated based on the observed demand
As we modelled a stochastic demand, orders placed by supply chain players could always exceed the available product stock, resulting in a stock-out. Under such circumstance, orders are fulfilled by an external supplier, with infinite products availability. The overall quantity supplied by this player (Q stock-out ) is used to assess the corresponding stock-out costs. In the case the stock-out occurs at the retail store, it is assumed that the final customer buys the quantity of products available; conversely, for all the remaining players, Q stock-out,i accounts for the whole quantity ordered to echelon i. Eq.7 summarises the computation of Q stock-out,i : 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59 Due to infinite stock availability, no stock-out may occur for the manufacturer.
Information sharing mechanisms
Point of sale (POS) data can be shared between supply chain players or only available to the retail store. Under this latter scenario, echelon i forecasts demand only based on d t,i previously defined in eq.2. Conversely, when POS data are shared, this additional information is available to all supply chain players to forecast demand. Hence, for i=1,…N-1 we have d t,i =d t in eq.2. FIGURE 1 and FIGURE 2 show a scheme of the model structure (in terms of products, orders and information flow) respectively under absence of information sharing and when information sharing mechanisms are implemented.
INSERT FIGURE 1 AND FIGURE 2
Demand information sharing can be seen as a possible consequence of the adoption of advanced Information Technology (IT) tools for product identification and monitoring. This is, for instance, the case of Radio Frequency Identification (RFID) coupled with EPC Network (Bottani & Rizzi, 2008) .
Demand behaviour
The final customer's demand may or may not experience an increase, referred to as demand "peak", during a simulation run. In the case of non-increase, the demand mean and standard deviation are known parameters (µ and σ). When simulating an increase in demand, the demand mean and standard deviation are changed to µ'=2µ and σ'=σ at the middle of the simulation, and kept unchanged until the simulation ends.
Under the EOQ policy, the "peak" of demand involves updating Q t,i and OP t,i parameters, by exploiting eqs.4-5 with µ' and σ'. The same happens, under EOI policy, for the OUL t,i parameter (eq.3). Moreover, the reorder interval ∆t also depends on the demand mean; in this regard, in real cases, it is expected that each supply chain echelon will modify ∆t based on µ' and σ'. In modelling this behaviour, we consider two additional scenarios, namely:
a. "responsive" supply chain players (Lowson et al., 1999) -∆t is updated 3 days after the demand "peak" occurred;
b. "non-responsive" supply chain players -∆t is updated 5 days after the demand "peak" occurred.
Experiments setting and outcomes
To provide a detailed investigation of the supply chain, we examine 30 different scenarios, which are obtained by combining the parameters described in the above sections, according to
Design of Experiments (DoE) (Montgomery & Runger, 2003) . The resulting scheme is proposed in FIGURE 3. INSERT FIGURE 3 For each scenario, we assessed the outputs listed below (numerical values of input parameters required for the computation are detailed in section 3. 
The number of orders is a direct outcome of the simulation run;
v. transport cost (C transport ): transport cost is assumed not to be affected by the order quantity, and to only depend upon the number of orders fulfilled. It thus results from N orders,i and unitary cost of transport (c t ), according to eq.11: (11) vi. shipping/receiving cost (C shipping/receiving ): for each echelon, this cost is derived from average number of pallets handled per year, average hourly cost of manpower (c m ) and time required to handle a pallet (t pallet ). As the model considers a player per echelon, the average number of pallets handled reflects the average customer's demand (µ), which is the same for all echelons. Hence, C shipping/receiving only depends on the number of echelons considered. In the computation, it should also be considered that the manufacturer only performs shipping activities, while the retail store only performs receiving activities.
The following formula is thus used to assess C shipping/receiving : 
Input data
Input data used in the model were derived from a previous study in the field of the FMCG supply chain, performed by one of the authors. Some details concerning the data collected in the previous work and the case study features are proposed in Appendix. The reader is referred to Bottani & Rizzi, (2008) , for a comprehensive description of the case study.
The data used for the present study are described in the following list.
• The initial value of the inventory level is set at 472 pallets for echelons 1,…N-1. Such value is derived from the average capacity of a FMCG warehouse (i.e., 500 pallets), which is usually at 80% saturation;
• the demand distribution is characterized by µ=150 pallets/day and σ=42 pallets/day.
Those values are used under absence of demand "peak"; when "peak" of demand occurs, they are updated to µ'=300 pallets/day and σ'=59.4 pallets/day;
• the service level provided by supply chain players, corresponding to the probability to fulfil orders with the available stock, is set at 90%. Consequently, we have k=1.28 in eqs.3-4;
• the moving average interval is m=5 for distributors and m=6 for the retail store;
• L i is set at 4.5 days for all supply chain players, except the manufacturer, whose lead time is 10 days. In both cases, 0.5 days are spent for transport activities;
• h is estimated in approx 153.52 €/pallet/year, corresponding to 0.42 €/pallet/day, which is derived as the average between costs experienced by distributor and manufacturer;
• the average value of products in the FMCG context accounts for 475 €/pallet. It is supposed that each echelon applies 10% mark-up to this value, which is close to typical (Anderson & Billou, 2007) . Hence, c i in eq.9 varies depending on the echelon considered;
• c o and c t are set at 10 €/order and 780 €/transport, respectively;
• C shipping/receiving is estimated in approx 123,187.50 €/year/echelon under absence of demand "peak" and for 185,287.50 €/year/echelon when demand "peak" is considered;
• ∆t, computed starting from the parameters described above, accounts for 5 days under absence of demand "peak", and is changed to 3 days when demand "peak" is observed.
Results and discussion
The simulation duration was set at N days =365 days. For each scenario, 25 replications were performed. This value was observed to allow reaching stabilization of the simulation outputs for echelon N. As an example of stabilization of model outputs, FIGURE 4 shows the number of orders received by echelon N under "EOQ-5-no_sharing-no_peak" scenario as a function of the number of replications. INSERT FIGURE 4 Bullwhip effect results are detailed in TABLE 2, and graphically illustrated in FIGURE 5, in terms of standard deviation ratio (σ N /σ), instead of variance ratio, to simplify the representation. scenarios, resulting from the following combinations of factors:
• reorder policy (factor A) -EOQ (low) or EOI (high); • number of supply chain echelons (factor B) -3 (low) or 5 (high);
• demand information sharing (factor C) -absence (low) or presence (high) of information sharing mechanisms;
• demand behaviour (factor D) -absence (low) or presence (high) of demand "peak";
• responsiveness (factor E) -non responsive (low) or responsive (high) supply chain players. This factor is only considered in conjunction with demand peak (D) under EOI (A) inventory management policy, according to the previous description. 
Bullwhip effect results
To validate the model outcomes, the bullwhip effect values from the simulation runs were compared with those resulting from the application of the analytical approach by Chen et al., (2000) . Specifically, the authors derived a lower bound for the variance amplification for echelon i, expressed as: Bullwhip effect outcomes can be summarised in the following key results.
Result 1: other things being equal, the bullwhip effect in higher under EOI than under EOQ inventory management policy.
This result was expected; in fact, under an EOI policy, orders are placed at a defined time interval ∆t, while the quantity ordered is null in other periods. As a result, an amplification of the demand variance is observed by the supplier. This confirms a similar result by Jakšič & Rusjan, (2008), which observed that "order-up-to" replenishment rules induce higher bullwhip effect than others inventory management policies. Outcomes from TABLE 4 also show that the impact of factor A on the resulting bullwhip effect is statistically significant at p<0.05.
Result 2: other things being equal, the bullwhip effect is greater when the number of supply chain players increase.
Again, this result was expected, as it is a direct consequence of the bullwhip effect definition (see eq.13). As can be seen from This result is known in literature (Lee et al., 2000; Chen et al., 2004; Chatfield et al., 2004) , and should be ascribed to the possibility of supply chain players to exploit POS data, rather than orders, to forecast demand, thus reducing the resulting variability. Statistical analyses also show that demand information sharing is the factor having the highest impact on the bullwhip effect (p=0.002). FIGURE 9 also shows that 100% of scenarios experiencing high bullwhip effect are characterised by absence of information sharing mechanisms.
Interestingly, a statistically significant impact of demand information sharing mechanisms in conjunction with EOI policy, with/without high number of supply chain echelons (i.e., factors BC/factors ABC) on the resulting bullwhip effect can be observed from the results obtained.
Result 4: under some circumstances, the bullwhip effect is lower when a "peak" of demand is introduced in the supply chain.
Outcomes from TABLE 4 show that the single effect of the "peak" of demand against the bullwhip effect is not statistically significant (p>0.05); this suggests that the demand "peak", per se, does not significantly affect the observed bullwhip effect. In this regard, it can be seen from FIGURE 10 that high bullwhip effect may occur either under presence or absence of demand "peak". From the same figure, it is also interesting to note that high bullwhip effect combined with low total cost always occur under absence of demand "peak" (100% of the scenarios examined).
The combined introduction of demand "peak" and EOI inventory management policy (i.e., factors AD), as well as of demand "peak" and high number of supply chain players (i.e., factors BD), have significant impact on the resulting bullwhip effect. Specifically, outcomes in TABLE 2 indicate that a lower bullwhip effect is usually observed when demand "peak" is introduced in the model. The same result is indicated in FIGURE 8, which shows that scenarios with high bullwhip effect and high total costs are mainly characterised by EOI policy (86% of the From an operational perspective, this result could be explained considering that, when an unexpected increase in demand is observed, a supply chain player tends to increase the number of orders placed. Under an EOI policy, this involves reducing the ordering interval ∆t;
consequently, a lower number of "null" orders are observed. From the computational point of view, a lower order variance emerges. This effect is particularly emphasised when N=5, as can be seen from FIGURE 7.
Result 5: under "peak" of demand, the bullwhip effect is lower if the supply chain is able to quickly react to the demand variation.
This result is evident from numerical outcomes in TABLE 2, as all "responsive" scenarios show a lower bullwhip effect than the corresponding "non responsive" ones. A reactive supply chain player is able to quickly update the reorder policy parameters (i.e., the order interval ∆t), which results in the capability to better follow the demand trend, avoiding to introduce additional variability. Nonetheless, it should be noted that no statistical evidence can be provided in this regard.
Costs analysis
Outcomes from cost analysis can be summarized in the following key points.
Result 6: the total costs observed under scenarios " are significantly higher than all the remaining scenarios. costs lower than 7 million €/year. It can be easily noted that the costs are almost entirely due to stocks, which account for 83.2% (under "EOI-5-no_sharing-peak-resp" scenario) to 86.8%
(under "EOI-5-no_sharing-peak-no_resp" scenario) of the total costs. This result, in turn, is a consequence of the bullwhip effect observed, ranging from 53.24 to 108.4 in terms of σ N /σ for the scenarios considered (see TABLE 2), which involves high safety stock levels. In particular, looking at FIGURE 8 and FIGURE 9, one can see that high bullwhip effect combined with high total costs is mainly observed under EOI policy (86% of the scenarios examined) and absence of information sharing mechanisms (100% of the scenarios examined).
Result 7: other things being equal, the total costs observed are significantly higher when the number of supply chain players increase.
The number of supply chain echelons has the highest impact on the observed total costs of the supply chain (p=0.000). In particular, statistically significant effects of factor B are observed against all cost components considered in this study. FIGURE 7 confirms that supply chain configurations with high costs are only composed of 4 or 5 echelons.
This is an obvious result, since the increase in the number of supply chain echelons clearly involves increase in all cost components considered, due to the need of adding the cost contributions of each echelon (see eqs.8-12). As mentioned already, EOI policy usually involves a higher average stock level, as a consequence of the lower number of orders, with wider quantities. This is confirmed by statistical analyses performed, which highlight a significant impact (p=0.002) of factor A on the resulting costs of holding stocks. As order and transport costs are both computed starting from the number of orders (see eqs.11-12), the statistically significant impact of EOI inventory management policy on those cost components is a direct consequence of the number of orders placed by supply chain players under that policy.
As a further outcome, the combined effect of factors AB (i.e., EOI policy coupled with high number of supply chain echelons) is also found to significantly impact the total costs.
Specifically, it is reasonable that factors AB substantially increase each cost component examined, since both the number of echelons and the EOI policy involve a significant increase of the cost components. This is confirmed by results in From TABLE 3, TABLE 4 and FIGURE 9, it can be appreciated that total costs observed are usually lower when demand information sharing mechanisms are introduced, and that the effect is statistically significant at p=0.001.
This result is a consequence of several effects. As a first point, it can be observed from TABLE 3 that costs of holding stocks are substantially lower under demand information sharing. In fact, as mentioned in result 3, the availability of POS data allows reducing the orders variability, resulting in a lower bullwhip effect and in a significant reduction of the amount of stocks required at each supply chain echelon. In this regard, a significant impact (p=0.000) of demand information sharing mechanisms on the resulting costs of holding stocks is observed in TABLE 4. Although this is a general result, it can be particularly appreciated when examining a 5-echelon supply chain, where the resulting bullwhip effect is extremely high (see TABLE 2 and result 2).
Conversely, results presented in TABLE 3 indicate that stock-out costs tend to increase when demand information sharing is implemented, although the availability of POS data, per se, has no significant effect (p=0.055) on the observed stock-out costs. This result should mainly be ascribed to the way stock-out costs were modelled in our study. In fact, under demand information sharing, each supply chain player places orders based on POS data; hence, quantities ordered are usually lower than those required under unknown customer's demand, resulting in reduced average stock level. However, under stochastic demand it is always possible that demand values (and consequently orders placed) exceed the amount of stocks available; this is exacerbated when the average stock level is lower. Consequently, stock-out costs increase under demand information sharing mechanism.
Finally, demand information sharing mechanisms appear to significantly affect the observed order (p=0.003) and transport (p=0.003) costs. Looking at TABLE 3, it can be seen that, in particular, demand information sharing tends to increase the resulting order and transport costs.
In fact, the availability of POS data allows reducing the observed demand variability, allowing The combined effect of the above described cost components leads to very different results, depending on the supply chain configuration examined. More precisely, it can be seen from FIGURE 6 and TABLE 3 that costs of holding stocks are by far the most important cost component of 5-echelon supply chains. Demand information sharing thus involves a significant decrease of costs for those supply chains. An opposite situation occurs for 3-echelon supply chains. In fact, given the low number of echelons, this supply chain configuration is affected by costs of holding stocks and stock-out costs to a similar extent: such costs account for about 35%
and 37% on the total costs, respectively. By amplifying the stock-out costs, information sharing leads to a slight increase of the total costs for those scenarios. Finally, 4-echelon supply chain scenarios appear to be closer to 5-echelon ones, i.e. information sharing involves decrease in the total costs; however, due to the lower number of echelons, this result is less evident.
Besides the above result, outcomes of the statistical analysis and economical assessment also show that demand information sharing mechanisms, in conjunction with EOI policy and high number of supply chain echelons (i.e. factors ABC), appear to significantly affect the observed order (p=0.005) and transport (p=0.007) costs, and in particular tend to increase such costs. This is again a consequence of the increased number of orders placed, resulting from the reduced demand variability and corresponding decrease of quantities per order.
Result 10: other things being equal, the total costs observed increase when "peak" of demand is introduced.
Results in TABLE 3, TABLE 4 and FIGURE 10 indicate that total supply chain costs are higher when "peak" of demand is introduced, and that the impact of demand "peak" (i.e., factor D) on the observed costs is significant at p=0.012. More precisely, demand "peak" involves increase costs, resulting in substantially higher total costs.
The increase of stock-out costs was expected, since, as a consequence of demand "peak", the amount of stock available for each supply chain player is more likely to be lower than the quantity requested. Moreover, as already discussed, when a demand increase is introduced, a supply chain player tends to increase the number of orders placed, regardless of the inventory management policy applied. Hence, an increase in order costs and corresponding transport costs is observed. Finally, due to the computational procedure followed, shipping/receiving costs are amplified as a consequence of the increased quantity of pallets handled per year.
The combined effect of factors AD (i.e., demand peak and EOI inventory management policy) on the total costs, and in particular on the costs of holding stocks, is also significant. It can be observed from TABLE 3 that cost of holding stocks tends to increase under peak of demand and EOI policy. This result should be ascribed to the increased order variance caused by demand peak under EOI inventory management policy, which, in turn, involves increase in the required safety stocks for each echelon.
Similar considerations can be drawn for the combined effect of factors BD (i.e., demand "peak" coupled with high number of supply chain echelons) on the total costs. More precisely, factors BD significantly affect the resulting costs of holding stocks (p=0.000), orders (p=0.031) and transport (p=0.036). From TABLE 3, it can be seen that all the above costs components tend to be higher when examining 5-echelon supply chains under demand "peak". As previously mentioned, the higher order variance caused by demand "peak" involves increase in the required safety stocks for each supply chain echelon, resulting in a corresponding increase in their costs.
Demand "peak" also involves an increase in the number of orders placed, due to higher demand observed. Order and transport costs are thus amplified correspondingly. It can be seen from TABLE 4 that the combined effect of demand "peak" and responsiveness, under EOI inventory management policy (i.e., factors ADE) has a significant impact (p=0.03) on the resulting total costs observed. In fact, a quick reaction of the supply chain implies that each player updates inventory management parameters (in particular, the ∆t interval) immediately after the demand "peak" is observed. The main outcome of such reaction is that the average stock level is quickly adapted to the new demand value, thus optimizing the overall cost of stocks. Outcomes from TABLE 4 also highlight that the combined effect of factors ADE significantly decreases the resulting stock-out (p=0.034), order (p=0.000), transport (p=0.000) and shipping/receiving (p=0.001) costs. As a result, the observed total costs decrease under this scenario.
Conclusions
Based on a discrete-event simulation model, reproducing a Fast Moving Consumer Goods (FMCG) supply chain, we have provided a quantitative assessment of the effects of different configurations on the total costs and bullwhip effect observed in the supply chain. Our analysis covers 30 possible supply chain configurations, resulting from the combination of several design parameters, such as number of echelons, reorder policy adopted, demand information sharing mechanisms, demand behaviour, and responsiveness. For each scenario, total costs and bullwhip effect were computed starting from simulation outcomes and several input parameters available in literature. Moreover, a statistical analysis of effects was performed to identify possible significant impact of single/combined supply chain design parameters on the resulting costs and demand variance amplification.
The key results of this study show that both the total logistics cost and the bullwhip effect are affected by all supply chain design parameters examined, although to a different extent. In particular, the number of supply chain echelons and the implementation of an EOI inventory management policy involve a substantial increase in the total costs and bullwhip effect, and their impact is significant at p<0.05. The presence of demand "peak" also causes an increase in the total logistics costs, although, per se, it does not significantly affect the resulting bullwhip effect. Conversely, demand information sharing mechanisms tend to reduce both the bullwhip effect and the resulting total costs, due to the significant (p=0.000) decrease in costs of holding stocks.
As the simulation model was developed using average data of the FMCG context, our results can be useful in practice to identify the optimal supply chain configuration as a function of the operating conditions. Moreover, outcomes from this study provide some insights about the supply chain cost components and their trend depending on the configuration considered.
Our study is grounded on the simulation of a single-product flow. To derive more general results, it would be appropriate to extend the model to include: (1) 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59 
Appendix: case study details
The data related to the supply chain considered is this paper were derived from a previous research by Bottani & Rizzi (2008) , in the field of FMCG. In this section, we detail the research methodology followed by the authors and the resulting supply chain data.
The data collection phase involved a panel of 11 enterprises, operating as manufacturers (6 companies) and distributors (5 companies) of FMCG. For each participant, the analysis was focused on a distribution centre (DC), suggested by the company to be enough representative of logistics processes. In addition, for each distributor, a retail store (RS) was identified and investigated. The aim of the analysis was to detail the relevant logistics processes of each participant. To this extent, an appropriate survey phase was carried out, where two different questionnaires have been deployed to collect comprehensive data both for DCs and RSs. In both questionnaires, a first part was aimed at collecting general information about the participant, as well as common data for all processes examined (e.g., products type, average value of pallet/case, number of employees and related costs, DC/RS area). Moreover, specific sections were added to collect data related to the processes performed by DCs and RSs (i.e., "receiving", "putaway", "picking and sorting" and "shipping" for DCs, and "receiving", "backroom management" and "expositive area management" for RSs). For each process, quantitative parameters were examined, such as amount of goods flow, stock levels, amount of safety stock, or stock-outs. A list of quantitative data collected, relevant for the present study, is proposed in the following:
Quantitative data collected Distribution centres
Number of pallets/day received; number of orders/day received; number of receiving bays; average pallet value; storage capacity; average storage saturation; number of fork lift truck; average stock-out; amount of safety stocks; amount of shrink; number of orders/day fulfilled; number of pallets/day shipped; orders profile; number of shipping bays; mobile mean interval; average lead time; number of employees; average hourly cost of manpower no peak of demand EOQ-3-no_sharing-no_peak peak of demand EOQ-3-no_sharing-peak no peak of demand EOQ-3-sharing-no_peak peak of demand EOQ-3-sharing-peak no peak of demand EOQ-4-no_sharing-no_peak peak of demand EOQ-4-no_sharing-peak no peak of demand EOQ-4-sharing-no_peak peak of demand EOQ-4-sharing-peak no peak of demand EOQ-5-no_sharing-no_peak peak of demand EOQ-5-no_sharing-peak no peak of demand EOQ-5-sharing-no_peak peak of demand EOQ-5-sharing-peak no peak of demand EOI-3-no_sharing-no_peak responsive EOI-3-no_sharing-peak-resp non-responsive EOI-3-no_sharing-peak-no_resp no peak of demand EOI-3-sharing-no_peak responsive EOI-3-sharing-peak-resp non-responsive EOI-3-sharing-peak-no_resp no peak of demand EOI-4-no_sharing-no_peak responsive EOI-4-no_sharing-peak-resp non-responsive EOI-4-no_sharing-peak-no_resp no peak of demand EOI-4-sharing-no_peak responsive EOI-4-sharing-peak-resp non-responsive EOI-4-sharing-peak-no_resp no peak of demand EOI-5-no_sharing-no_peak responsive EOI-5-no_sharing-peak-resp non-responsive EOI-5-no_sharing-peak-no_resp no peak of demand EOI-5-sharing-no_peak responsive EOI-5-sharing-peak-resp non-responsive EOI-5-sharing-peak-no_resp EOQ-4-no_sharing-no_peak 13.15% 11.38%
EOQ-3-sharing-peak 4.91% 9. 73% 12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 
